Abstract. The partial effectiveness of drugs is of importance to the pharmaceutical industry. Randomized controlled trials (RCTs) assuming the existence of a subgroup sensitive to the treatment are already used. These designs, however, are available only if there is a known marker for identifying subjects in the subgroup. In this paper we investigate a model in which the response in the treatment group Z T has a two-component mixture density
Introduction
Because of population heterogeneity, treatment effects may vary considerably from one subject to another. In [1] it is reported that on average only 60% of treated patients react to prescription drugs, whereas the others either do not benefit or have adverse effects. If a trial showed no significant average treatment effect, it can be wrong to conclude that the treatment effect does not exist and that the treatment is futile. There may well be a subpopulation of subjects for whom the treatment is effective. As an example, consider the Clomethiazole Acute Stroke Study [2] where the relative functional independence of patients with acute hemispheric stroke was investigated. The trial results showed no significant difference between the clomethiazole and the placebo groups (56.1% vs. 54.8%) with a p-value of 0.649. However, in the group of patients with TACS (total anterior circulation syndrome), 40.8% reached relative functional independence in contrast to 29.8% of TACS patients in the placebo group, with a p-value of 0.008.
The idea that there is a proportion of non-responders in the treatment group is often highlighted in clinical papers [3, 4, 5, 6, 7] . If one has specific biomarkers which point to the subjects who are likely to respond to an intervention, then a subgroup analysis is usually conducted in addition to the standard procedure. Most of the time, however, there is no such information about the sensitive subgroup, and a standard designs may fail to prove the drug's efficacy.
Moreover, even if the proportion of the sensitive patients is big, there is another hurdle which can mask a drug-specific effect, namely the placebo. When its effect is comparable with a drug, the detection of a subgroup is complicated substantially. This problem may occur in treatments for neurological disorders, where many trials fail to show efficacy, and the reason is claimed to be a large placebo effect [12, 13, 14] . For our purpose, the placebo effect is a combination of natural course of the disease, the Hawthorne effect and other non-specific effects influencing the treatment outcome.
Given the assumptions above, we elaborate a framework in which we are able to detect the sensitive subgroup based on the following model. Let the response to the drug, Z, be a normally distributed random variable. We assume that there are two groups of patients: placebo-only responders with Z ∼ N µ C , σ 2 and placebo-and-drug responders with Z ∼ N µ T , σ 2 , where µ T > µ C . The drug-specific effect, µ T − µ C , and the placebo effect are additive. The response in the treatment group is then modelled as a mixture (see Fig. 1 )
where p ≥ 0 is the proportion of placebo-and-drug responders (the sensitive subpopulation). The design is constructed to determine whether p > 0. Denote the standardized drug-specific effect as µ = µ T −µ C σ . Given the standardized estimates of responses in the treatment group,
. . , n, the average value X has expectation µp and is distributed as n k=0
n . The test based on the average of observations can be used in deciding between H 0 : p = 0 against H 1 : p > 0. Along with its simplicity the mean value statistic can also be used with non-normal responses that may be encountered in clinical trials.
To control the power of detection, we consider the minimal power over a region of strong effect, the set of (µ, p) that are deemed to be of interest. We propose one-and two-stage designs for the single and multicenter trials. This framework is mainly aimed at the early phase II before the identification of the drug-responders subgroup.
The outline of the paper is as follows. In Section 2, we introduce the model, define type I and type II errors, and describe the designs. In Section 3, we discuss the choice of parameters and optimal designs. We present the planning procedure, from the user (study designer) point of view, with the plots and tables to guide the choice of parameters. In Section 4, the performance of the study designs is illustrated. Section 5 provides an additional argumentation and discusses further related questions, such as estimation of µ and p. Section 6 concludes. Modelling drug response as a mixture of two continuous distributions has been proposed to be more reasonable in RCT for some types of indications. On the left, the control group is centered at zero and the mixture created in the treatment group is asymmetric with an enlarged upper tail. If we could separate the responders and non-responders in the treatment group, we would observe the graphs as in the right hand side.
The designs
In all RCTs discussed in this chapter we consider any treatment group at any stage to have a corresponding control group of the same size. Let Z T 1 , . . . , Z T n and Z C 1 , . . . , Z C n be the responses from the treatment and the control groups, respectively. For convenience we define normalized responses as
. Since we do not know µ C and σ, it is not possible to observe Y T . Instead, we take its estimate, X i =
For the design development we assume σ to be known, but in practice we may use the approximationσ
. In simulations shown later, we show that the approximation error has a negligible effect on the results.
In a simple RCT with a single center, the test is based on the mean value statistic,
Note that
2.1. Hypothesis testing. The goal of a trial is to determine if there is a sensitive subpopulation. The decision is based on a statistical test of
Of course, not all pairs (µ, p) are of equal interest for the drug developer. It is of small interest if H 0 is rejected when H 1 is true with some small p and/or µ. Therefore, it is important to define interesting values of (µ, p), for which one wants to reject the null.
Definition 1.
The region E of strong effect (se) is the set of interesting
], where µ s < µ s−1 < . . . < µ 1 and 0 < p 1 < . . . < p s+1 = 1 (see Fig. 2 ).
In the next two subsections, we introduce the single and the multicenter RCT designs, for which type I and II errors are defined as follows.
Definition 2. For a simple study, a type I error occurs when a true null is rejected. A type II error occurs if a false null is not rejected in the presence of a strong effect. The corresponding type I error rate will be denoted as α and the maximum of the type II error rate over E is denoted as β se . In the case of a multicenter study with M centers a type I error occurs if at least one of the true nulls is rejected, and a type II error occurs if at least m false nulls among the M 1 centers with strong effects are not rejected. Note that m ≤ M 1 ≤ M . The type I error is a family-wise error, while the type II error depends on M 1 and m. The type II error rate maximized over E will be denoted by β se for the single stage study and β se fw (M 1 , m) of the multicenter study.
2.2.
Simple RCT designs -single center RCT. We start with the simplest design: single center, one stage. For the mean value statistic the hypothesis testing problem is (2) H 0 : X ∼ N 0, 2 n ;
The design of a trial is defined by the sample size n and some positive threshold η, upon which the decision about a subgroup's existence is made,
The chosen test is justified by the following lemma:
The tests that reject H 0 for X > η are uniformly most powerful.
The equivalent formulation of the design is (D1) Reject H 0 if the p-value X < α, where p-value X = 1 − Φ X n 2 and α < 0.5.
Here, α is a type I error rate, and η = z 1−α 2 n , where z 1−α = Φ −1 (1 − α) stands for the standard Gaussian quantile. The probability of a false negative for a fixed alternative is
By Definition 2,
As the following lemma shows, one can easily compute β se (n, α) for the regions E of the form we defined.
Lemma 2. For the region of strong effect defined as in Definition 1, the maximum type II error rate for the one-stage RCT is
2.2.1. Two stage designs. By Wald's theory of sequential analysis, there are modifications of the RCT design enabling significant reduction in the required minimum number of the participants. The idea of sequential analysis is to split the testing process into several steps and update the inference based on the information accumulated from the previous steps [15] . In the context of RCT, the steps are the stages of the trial. Having many stages requires additional parameters, which might be difficult to choose. Therefore, in this paper, we consider only the extension to two-stage designs. We will show how the introduction of the second stage decreases the total expected Figure 3 . Scheme of the trial performed in two stages. Rejection region is depicted in grey.
number of enrolled patients in comparison with the one-stage design, while maintaining the same error rates.
For the first stage we propose two stopping rules. First, if the evidence in favour of the alternative is very strong after the first stage, there is no need to conduct the second stage. Second, if the evidence in favour of the null is strong enough at the first stage, one can stop the trial early, claiming the absence of an effect.
To start with, consider some fixed sample sizes with n 1 and n 2 participants at the first and second stages, respectively. We also assume that there are two different control groups at each stage with the same number of participants as in the treatment groups. Denote the mean observed values after the first and the second stages by X 1 and X 2 , and the mean of all observations as X. The design is described as follows: (D2) • If X 1 < η 0 : H 0 is not rejected and the trial is stopped (strong evidence of an absence of a positive treatment effect);
• If X 1 > η 1 : reject H 0 and stop the trial (strong evidence in favour of H 1 );
• If η 0 ≤ X 1 ≤ η 1 : conduct the second stage and reject H 0 if X > η 2 (strong evidence in favour of H 1 after two steps).
The rejection region is depicted in Fig. 3 (grey area). For the thresholds, η 0 , η 1 , denote the corresponding probabilities P X 1 < η 0 and P X 1 > η 1 under the null as α 0 = Φ η 0
In terms of p-values, this design becomes: The computation of the p-value is complicated by the fact that the grey region in Fig.4(b) is not simple. The p-value is an integral of the joint density function f (X1,X2) (x 1 , x 2 ) under H 0 over the grey area in Fig.4 . If
X 1 − x 1 and for the fixed x 1 the probability that x 2 is above this line equals 1 −
. Under H 0 this p-value is uniformly distributed on the interval (0, 1), because for any two different realizations of X 1 , X 2 , one of the grey areas (see Fig.4 ) contains the other one. The design D is fully determined by the sample sizes in the first and second stages, n 1 and n 2 , and the probabilities α 0 and α 1 ; the overall level of the procedure is α. These values often satisfy 1 − α 0 > α > α 1 . If this does not hold, the second stage is not needed. The thresholds η 0 , η 1 , η 2 can be computed as
Denote the maximum type II error rate for the two-stage design as β se 2 (D, α). To compute it, we use an expression for the probability of the false negative:
We introduce the case α / ∈ (α 1 , 1 − α 0 ) in (6), because we will need it later for the multicenter two-stage design. Similar to the one-stage trial, the following holds.
Lemma 3. For the region of strong effect defined as in Definition 1, the maximum type II error rate for the two-stage trial is
2.3. Multicenter RCT designs. In this section, we generalize the designs proposed above to multicenter RCTs. We suggest first to conduct single center RCTs with identical designs in all centers in parallel, with each center having its own control group. Following this initial stage, the results are analyzed together in order to make conclusions about the existence of the subpopulation in each center.
Combining the evidence across multiple centers requires p-values. For this reason, in the previous subsection, we introduced an equivalent designs formulation using p-values. We assume patient enrollment in all centres is done independently, and that all the p-values are independent.
In the single center design one rejects H 0 if the p-value is below α, but to control the family wise type I error rate in the multi-center context at the level α, we need a multiple testing procedure, such as Hochberg's step-up procedure [8] . The whole design is then described as follows:
• Let p-value 1 , p-value 2 , . . . , p-value M be the set of p-values at the end of each study (see Eq.D2). Put the p-values in an
• Denote the index of the center corresponding to p-value(k) as c (k) .
(D3)
• Given the thresholds,
• The centers c (1) through c (K) are then judged to have sensitive subpopulations, and the null hypothesis is rejected for them.
There is a complication for a two-stage multicenter design. In the case of a single center, if the p-value < α 1 , then H 0 is rejected after the first stage. When more than one center is involved, the condition p-value i < α 1 , which
Figure 5. The figure shows two examples. The green squares corresponds to the centers for which H 0 was rejected and the red ones to the centers where it was not rejected.
In both c (1) and c (2) the study was terminated after the first stage (their p-values are less than α 1 ). However, the decision to reject the null for c (2) depends on the results in the centers c (3) and c (4) . On the left-hand side, the null is rejected at c (2) and c (3) . On the right-hand side, decisions about c (2) , c (3) , c (4) are all non-rejections.
only occurs when we stop after the first stage, does not necessarily mean that for this center the null is rejected. If the design parameter α 1 is such that α(1) > α 1 , the rejection always occurs. Otherwise, the rejection depends on the other p-values or, more precisely, on their arrangement with regard to α(k) which is only known at the completion of the second stage. Consider two p-value realisations shown in Fig.5 . There are two centers, c (1) , c (2) where the trial was stopped after the first stage, and their p-values are less than α 1 . In two other centers the second stage was conducted and their p-values are in the interval (α 1 , 1 − α 0 ). For c (1) the null is rejected after the first stage in both situations, because p-value 1 < α(1), but the decision about c (2) depends on the results in the centers where the second stage is conducted. To summarize, if for some center after the first stage α(k) < p-value(k) < α 1 , the final decision about this center might depend on the results from the centers where the trial continues to the second stage.
Recall that the type II error is defined as "at least m false nulls among M 1 centers with strong effect are not rejected, m ≤ M 1 ≤ M ". Denote the maximum type II error rates as β se fw (M 1 , m). It is complicated to calculate β se fw (M 1 , m) exactly for arbitrary couples (M 1 , m), but the upper bound can be obtained rather straightforwardly. To do this, we introduce auxiliary values
Lemma 4. The following inequality always holds:
If M 1 = M and m = 1, equality is achieved.
From this lemma, we conclude that β se
Planning the trial
In this section we present a framework which helps the user to choose the design parameters in order to control the type II error rate below some given level β max or the power above (1 − β max ). For the multi-centre trial we suggest to control β se fw (M, 1). Here we assume β max < 0.5 for the single center RCT and β max < 1 − 0.5 M for the multicenter RCT. At the beginning the user should carefully define the region of strong effect as in Definition 1. Next, the user chooses β max and the design parameters. We also provide additional information that may influence the user's choice of β max . In the case of changing β max , one should recalculate the design parameters. To illustrate the planning procedure, we use the region of strong effect as depicted in Fig. 6 and β max = 0.2.
3.1. Planning a single center RCT.
3.1.1. One-stage design: choosing the sample size. The planning of a single center trial proceeds by choosing α and computing the sample size that ensures the desired minimal power. After α is chosen (here and elsewhere α = 0.05), n is computed as n = min (n : β se (n, α) ≤ β max ) .
To compute β se (n, α), we use an asymptotic approximation of β(n, η, µ, p) 
With Barry-Essen's upper bound ( [11, 10] ) on the absolute deviation of the probability of a false negative from its normal approximation, we have
We use this normal approximation in the following computations, because the real difference in (10) is negligible even for small sample sizes. From Lemma 2, Example. Let the region E be as in Fig. 6 and let the maximum type II error rate be 0.2. The minimum sample size for the trial with these parameters from (11) is n ≈ 85.3, whereas the exact value from (9) is 86. For n = 86 and α = 0.05, the rejection threshold η = 0.251 and it is straightforward to conduct the trial (D1).
Two-stage design. The design is determined by
After α is chosen, the sample size at the second stage is computed as
To approximate n 2 , we use the following approximation for the type two error for the two-stage design:
We next compute n 2 numerically. Note that it is possible that no design fulfills the condition on β max . In the following we will address this problem. For planning purposes we next consider the expected sample size under the null,
and the analogous formula for the maximum expected sample size under the alternative is (14)
In this paper we put α 0 > 0.5 in order to stop the trial early in the case of the absence of the effect. With this choice, both z 1−α 1 and z α 0 are positive. β n 1 ,
The maximum is achieved for µ =
From Lemma 5, it follows that q 1 (D) ≈ n 1 + 2Φ
We let the user choose n 1 and α 0 , but we suggest setting α 1 such that it minimizes q 1 (D) for given n 1 , α 0 . This leads to the choice α 1 = argmin
Once n 1 , α 0 , α 1 have been fixed, all the other quantities including n 2 , q 0 , q 1 can be computed.
In the following we discuss guidance for the user on the choice of n 1 and α 0 . We suppose that the choice of n 1 , α 0 is based on q 0 , q 1 and n 2 . We note that the design does not exist for every pair (n 1 , α 0 ). With 0.5 < α 0 < 1 − α and (6), we have β se (n 1 , 1 − α 0 ) < β se 2 (D, α) ≤ β max , and with an approximation for β se (n 1 , 1 − α 0 ), mentioned above,
This in turn implies that
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(a) The first stage sample size also should satisfy n 1 < n, otherwise the twostage scheme is less efficient than the one-stage design. Based on (16) and (17) , the region of possible (n 1 , α 0 ) provided to the user is shown in Fig.7 .
Among all possible pairs (n 1 , α 0 ) one would choose ones that make the values of q 0 , q 1 and n 1 +n 2 small. However, these criteria cannot be achieved simultaneously. This trade-off is left for the user to resolve, and in Fig.8 we provide an example of a graphical help for the choices. Recall that the design is built to ensure the type II error rate to be not greater than β max in all the corners of E. However, this probability can be very sensitive to µ and/or p. We assume that given the probability of a false negative for all (µ, p), as shown in Fig.9 , the user may decide to change β max . If these rates are small, the trial size may be reduced by using a larger β max , and if β max is considered to be reduced, then the larger trial is necessary. If he decides to change β max , the design needs to elaborated from the beginning.
3.2.
Planning a multicenter RCT. The design is determined by the set {M, n 1 , α 0 , α 1 , n 2 }. For the multicenter trial we build the design to control β se fw (M, 1). The type II error rates β se fw (M 1 , m) where M 1 < M or m > 1 are not controlled. From Lemma 4, the condition β se
M . This means that if we consider M centers separately, the design in each of the centers will correspond to the single center RCT with the type I and type II errors controlled at levels α(M ), the largest threshold of the multiple rejection procedure, and
To illustrate the planning for the RCT with four centers, consider that FWER is controlled at 0.05 and the family-wise type II error rate is controlled at β max = 0. the single center RCT, the choice of n 1 and α 0 is made by the user based on the information provided in Fig.10 . Nonetheless, maximum type II error rates for M 1 < M or m > 1 can be also of interest for the study. Even if an effect exists, it is not necessarily strong in all centers. Furthermore, a trial missing a few centers with strong effect can still be useful if in the other centers it is detected. Hence, given the information about β se fw (M 1 , m), the user might change β max and recalculate the design. In Lemma 4, we show an upper bound on these errors,
Once the parameters n 1 , α 0 have been chosen, the user is supplied with Table 1 (a).
We do not know an exact value of β se fw (M 1 , m), but we can compute the type II error rate β fw (M 1 , m) for the given responses (the details can be found in Appendix B). the user has a better intuition about β se fw (M 1 , m) if we provide him with β fw (M 1 , m) computed for different sets of responses. We take M 1 centres with the same (µ * , p * ) ∈ E, while in the remaining M − M 1 centres H 0 is true (see Table 1 (b),(c)). We suggest that the user checks more than one pair (µ * , p * ) to have a better understanding of possible type II error rates. Based on these tables, the user decides whether to change β max or not.
As illustrated, the values of β fw (M 1 , m) are very sensitive to the true parameters (µ * , p * ). In Tab.1(b), we took µ * = 2, p * = 0.2, which is the lowest corner of E, while in Tab.1(c), µ * = 1.2, p * = 0.5 is inside E but not far away from the boundary.These numbers show that β f w (M 1 , m) decreases rapidly when µ * and/or p * increases. (M 1 , m) . The design parameters are α = 0.05, β max = 0.2, n 1 = 100, α 0 = 0.7, α 1 = 0.026, n 2 = 65. Real parameters in the centers with strong effect are (µ * , p * ), for the other centers H 0 is true.
Examples
To validate the model, we take the parameters from the previous section: M = 4, α = 0.05, β max = 0.2, n 1 = 100, α 0 = 0.7, α 1 = 0.026, n 2 = 65. For different M 1 and m we simulate the trial 1000 times. The responses in the control and treatment groups are,
The results are summarized in Tab.2. Table 2 . Theoretical (top) and empirical (bottom) β fw (M 1 , m) for 1000 simulations. The parameters are M = 4, α = 0.05, β max = 0.2, n 1 = 100, α 0 = 0.7, α 1 = 0.026, n 2 = 65.
Discussion
Region of strong effect. The region of strong effect for the mixture response model was introduced as an instrument for decision making. Further standardization for regulatory reasons might be of interest. From our point of view, it may also assist in making the research on trial designs more coherent. In our framework we suggest to first determine the region of strong effect. while β max and other parameters may be tuned according to the needs of the study.
Mean value statistic. The choice of the mean value statistic is not only motivated by its simplicity and its role in the classical RCT design. The mean value statistic also has some advantages for the mixture models. If responses in the control and treatment groups, Y C and Y T , have densities f (y) and (1 − p)f (y) + pf (y − µ), respectively, and V ar Y C = 1, then by the central limit theorem the following approximations hold
This means that all the designs presented in the paper may be used for non-normal responses.
(a) Single center trial. The maximum probability is 0.52.
(b) Multicenter trial. The maximum probability is 0.52. Figure 11 . The plot is in the (µ, p) space and shows the region of strong effect together with the probability of conducting the second stage. On the left is the case of a single center RCT and on the right is the case of 4 centers RCT. In each case the red dot, (0.24, 1) on the left and (0.17, 1) on the right, shows the worst combination of µ and p in terms of the expected sample size under the alternative. The design on the left is n 1 = 55, α 0 = 0.7, α 1 = 0.026, n 2 = 38, whereas on the right it has M = 4, n 1 = 100, α 0 = 0.7, α 1 = 0.026, n 2 = 65.
In the two-stage design we use the criterion X > η 2 to decide on rejection of the null after the second stage. It is not obvious why this test works well and why X 1 and X 2 are not combined in some other way, but the proposed test is close to the UMP. The likelihood ratio based on the joint distribution function of X 1 , X 2 is
, where f (x 1 , x 2 ) and g(x 1 , x 2 ) are pdfs under the null and alternative, respectively. The normal approximation in the likelihood works if the variance 1 +
is close to one. In this case likelihood ratio is the monotone non-decreasing function of
The test becomes UMP when p = 1.
Expected sample size. As we have seen in Sec.3, the minimum value of the optimized q 1 is quite close to n. This value is reached for the 'worst' alternative µ =
, p = 1 and for other values it can be substantially lower. And in many situations we have much smaller expected sample size. To illustrate this, we plot the probability to conduct the second stage for the chosen in Sec.3 single-and multicenter designs (see Fig.11 ). This graph might be also of interest for the user during the design planning.
Rejection procedures for multicenter trials. For multicenter RCTs, we construct the design using Hochberg's step-up rejection procedure. However, one can use any step-up procedure with thresholds α(1), ..., α(M ). For example, it could be Benjamini-Hochberg's procedure ( [9] ) with α(k) = kα M which controls the false discovery rate (FDR). There will be no difference in parameters {n 1 , α 0 , α 1 , n 2 } for the designs using Hochberg's or BenjaminiHochberg's procedures to control β se fw (M, 1), because in each center the design corresponds to the single center RCT with the maximum type I error rate controlled at the same level α(M ) = α (see (7) and Lemma 4). If M = 2, these methods are fully equivalent, including the thresholds m) is generally smaller for the Benjamini-Hochberg procedure (see Tab. 3). To emphasize the importance of step-up procedures, consider the classical Bonferroni correction. For this procedure the decision is made for each center individually. However, the method may be reformulated as a step-up procedure with α(k) = α M for k = 1, ..., M . An additional constraint for the two-stage design will be α 1 < α M . If this is not satisfied, the second stage is not needed. In Fig.12 , we give a diagnostic plot similar to those in Fig.10 for the Bonferroni method. First, the sample size for the onestage design is n = 209, while for Hochberg's and Benjamini-Hochberg's procedures n = 153 < 209.
The minimum values of q 0 , q 1 , n 1 + n 2 for the Bonferroni method are also considerably higher than for the step-up procedures (q 0 = 118, q 1 = 134, n 1 + n 2 = 165). Therefore, the designs using Hochberg's step-up procedure controls the same FWER as the Bonferroni and is clearly superior in terms of effort.
Random treatment effect. In our model the treatment-specific effect for the drug responders is a fixed value µ T − µ C . However, a more realistic model might consider it to be random. To address this issue, we present 
. In Tab.4, average empirical type II error rates for the fixed and random treatment-specific effects are given. We observe bigger error rates when an effect is random. This might be taken into account for the development of the design. Estimation of µ T , µ C , σ and p. For the classical sequential RCT design (no mixture response) the estimation of the parameters is discussed in [16, 17, 18] , and [19] . In the mixture framework, to characterize the sensitive subgroup, one would like to have estimators of µ T , µ C , σ and p. We do not further investigate this question, but there are some estimation procedures that can be applied to the data. A large literature covers various aspects of estimation of the mixture model parameters. In the case of a one-stage design, one can use the likelihood-based estimators of µ T , µ C , σ and p (e.g., the EM algorithm or the method proposed in [20] ). Regarding a two-stage trial, one can apply these algorithms to either the first or the second stage results.
Conclusion
In this paper we extend the classical continuous response RCT design to the case when a fraction of the treated patients responds to the tested treatment. The response in the treatment group is modelled as a two-component mixture, representing placebo and drug responders.
We modified the conventional procedure that decides on the existence of a treatment-specific effect to a test that decides on the existence of a drugresponders subgroup. We characterize the latter by the fraction p > 0 and the treatment-specific effect µ > 0. We assume that pairs (µ, p) of potential interest belong to the set E, the region of strong effect. The trial protocol is then determined by the testing procedure that ensures a certain power of detection for any subgroup whose parameter is in E. We developed one-and two-stage RCT designs along with the exact and approximate expressions for the type II error rates. We also generalized these designs to the multicenter framework where we control the family-wise error rate. To decrease the sample size, we use Hochberg's step-up multiple test. If one wants to control FDR, one may simply use Benjamini-Hochberg's test or any other suitable thresholds. We provide the graphical help to guide the user in choosing design parameters, where a few are determined by minimizing the required effort. Then, for the set of p-values where the maximum type II error rate is achieved, the statement in the lemma holds. Let S 1 be the set of indexes for the centres with the strong effect. Definek as the rank of the m-th highest p-value among S 1 ,
First, we will prove that Proof. To show this, we bound the probability of conduction the second stage as follows:
The probability of observing {j 1 , . . . , j M } is then expressed as (31) Using e j , an alternative formulation of Hochberg's step-up procedure is as follows:
• Compute e j for each j = 1, . . . , M ;
• Find the maximum J such that e J ≥ J;
• Reject H 0 in centres c k , k = 1, . . . , e J . Let S 1 be the set of indexes for the centers with the strong effects. Define . . .
which is the sum of the probabilities of all realisations {j 1 , . . . , j M }, such that e j < j for all j ≥j.
